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Abstract
My thesis project research consisted of single-cell RNA-sequencing and bioinformatics using R
programming and Neuroscience Multi-omic Data Archive (NeMO) Analytics to examine the
impact of aging, brain region, and other variables on the genotypes and phenotypes of
oligodendrocytes (OLGs) and oligodendrocyte precursor cells (OPCs). The overarching goal
was to increase understanding of glial cell fate and function. After determining bioinformatical
findings, follow-up wet-bench experiments were performed to validate results. RNA in situ
hybridization and immunohistochemistry were performed to confirm differential gene expression
across cell types and brain regions. These experiments also revealed any changes in
oligodendrocyte (OLG) development and maturation with the loss of the gene of interest (Choi
et al., 2018). The conclusions impact the broader neurobioinformatics field, specifically revolving
around the relationship between neural-glial cell interactions and neurodegenerative diseases.
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Introduction
Human Disease and Glial Cells
Neural diseases, such as multiple sclerosis (MS) and autism, are rooted in changes in neural
cell production and structure (Murphy-Orthmann et al., 2020; Sung et al., 2019). Neurons and
glia constitute the two main categories of neural cell types. While neurons conduct signals and
process messages throughout the central and peripheral nervous systems (CNS and PNS,
respectively), glial cells play major roles in supporting neurons and have been found to play
integral roles in neural structure and function. Neuronal-glial relationships are a vital aspect of
brain function. Glial functions are expected to be much more diverse than simply supporting
neurons as the neuronal cells create connections throughout the brain. One integral role
includes the creation of myelin, the protective sheath on the outside of neuronal axons. This
sheath allows for increased speed of signal propagation.

Figure 1. a. myelination; b. demyelination; c. remyelination of neuronal axons by oligodendrocytes. (Kuhn et al., 2019).

This research focused on one glial cell type, oligodendrocytes (OLGs), that myelinate axons in
the CNS (Fig. 1). Disruptions in myelination relate to human neural and demyelinating diseases,
and researchers are continuing to search for the specific causes and potential therapeutic
treatments (Murphy-Orthmann et al., 2020; Sung et al., 2019). OLG injury and the resulting
axonal demyelination that can occur to already-formed myelin sheaths have been linked to
immune-mediated neurological diseases as well as traumatic and chronic CNS
neurodegenerative diseases (Sung et al., 2019). For instance, demyelination has been linked to
multiple sclerosis (MS) and leukodystrophies (Kamen et al., 2021). While some diseases
directly attack OLGs, such as MS and other autoimmune diseases, OLG damage can be a
secondary occurrence for neurodegenerative diseases, such as Alzheimer’s disease (AD), and
neuropsychiatric disorders, such as schizophrenia, bipolar disorders, and AttentionDeficit/Hyperactivity Disorder (ADHD) (Kuhn et al., 2019). Therefore, it is evident that OLGs are
integral to human functioning and health.
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Scientists do not yet know the specific genes that relate to demyelination and disease in OLGs;
therefore, identifying gene candidates that do relate to demyelinating diseases could open the
doors to increased research on specific genes that could play roles in OLG development,
function, and proliferation.

In contrast to traditional hypotheses, exploratory hypotheses utilize bioinformatics to analyze big
data and find patterns in differential gene expression. From there, laboratory experiments are
set up based on the most pertinent and differentially expressed genes found. Due to the sheer
volume of information determined from bioinformatics studies, the non-applicable and lowly
expressed genes and cells must be filtered out before planning wet-lab biological experiments.
The Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic also limited the
amount of lab-bench experiments that could be performed due to capacity restrictions in the lab;
therefore, much of the results stem from the bioinformatics data approach. Focusing on
computer programming allowed for a new skillset to be developed outside of the Biochemistry
curriculum that will continue to be applicable to future neuroscience and biochemistry research.

OPC/OLG Development and Lineage Trajectory
Oligodendrocytes (OLGs) are the myelin-creating cells of the Central Nervous System (CNS).
One of the six glial types, including Schwann cells, Astrocytes, Microglia, Ependymal cells, and
Satellite cells, OLGs synthesize the lipid-based myelin sheath that wraps around the axons of
neurons. Myelination results in the formation of multilayered membrane sheets, increased
support, and a faster action potential conduction rate, as well as assisting with input
synchronization of brain signaling (Sung et al., 2019; Kamen, et al., 2021). OLGs originate from
Oligodendrocyte Progenitor Cells (OPCs) (Sung et al., 2019). From the first OPC population, the
cells continue to differentiate, or change and mature, taking on different characteristics as they
move towards becoming adult OLGs. The different cells in this differentiation process make up
the OPC/OLG lineage trajectory.

The OPC lineage trajectory (Fig. 2), consists of experiment-determined specific populations
based on gene expression levels. Two unique OPC populations, termed “OPC_1” and “OPC_2”,
were defined based on Pdgfrα (Platelet-derived growth factor receptor alpha) expression, which
is found in OPCs more than in OLGs. As Pdgfra to impact organ development, its higher
expression levels in OPCs compared to OLGs follows its role in the developmental trajectory
(NCBI, 2021). OPC_1 cells contained predominantly-quiescent, or inactive, genes, whereas the

AGING-DEPENDENT CHANGES AND REGIONAL HETEROGENEITY

6

OPC_2 population was determined to have highly expressed cell-cycle genes (Hrvatin et al.,
2017; Allen Brain Atlas). There were seven distinct OLG populations, called “Olig_1” through
“Olig_7”, but these populations do not progress numerically. The order of the lineage
progression (Fig. 2) is based on specific gene expression. For instance, Bmp4+ (bone
morphogenetic protein 4) is found in immature cells and was highest in the Olig_7 population.
Tmem2+ (transmembrane protein 2) is found in premyelinating cells, which were in Olig_6, and
the last four cell populations (Olig_1 through Olig_4) contained increasing expression levels of
myelinating genes (Mag+ (myelin-associated glycoprotein), Mog+ (myelin oligodendrocyte
glycoprotein), and Mbp+ (myelin basic protein)) (Hrvatin et al., 2017; Allen Brain Atlas).

Movement through the OLG lineage trajectory creates post-mitotic, pre-myelinating and
myelinating OLGs, as microenvironmental factors and neuronal activity influence OPC/OLG
differentiation (Sung et al., 2019). Therefore, a question focuses on the potential causes of
genomic heterogeneity, or differences in genetic expression levels, within the OPC and OLG
populations. The goal of this research was to study exploratory hypotheses that potentially
address this heterogeneity. The two exploratory hypotheses of this research revolved around
the role of age and regional heterogeneity as explanations for differences in gene expression
between same cell types, specifically OPCs and OLGs.

Figure 2. Trajectory graph of the OLG lineage progression. Top (black) progression is based off the Greenberg database. Bottom
(color) progression encompasses the Rubin dataset.

Movement along the OPC/OLG lineage trajectory encompasses OPC development from
differentiating, quiescent, and proliferating cell types to mature OLGs. In the developing mouse
brain, OPCs originate in the medial ganglionic eminence and anterior entopeduncular area of
the forebrain around embryonic day 12.5 (E12.5) (Kamen et al., 2021). Mice were the focus of
this study due to their frequent use in neuroscience research and the lab through which this
research was conducted.

Biochemical and Biophysical Relationship
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The relationship between the biochemical makeup of the extracellular matrix (ECM) surrounding
OLGs and OLGs themselves is important for understanding the function of OLGs in vivo, as well
(Lourenço et al., 2016; Allen Brain Atlas). Lourenço (2016) found that the mechanical,
biophysical, and biochemical properties of the extracellular matrix (ECM) that exists outside of
cells in the brain deal with integral proteins, such as fibronectin (FN) and merosin (MN), that
play a role in OLG differentiation. The myelin sheath itself consists of phospholipids and
galactolipids, as well as vital proteins, especially proteolipid protein (PLP) and myelin basic
proteins (MBP) (Cuzner & Norton, 1996). A myelinating OLG expends many joules of energy as
it myelinates axons (Rosko et al., 2019). Adult OLGs require metabolite uptake to meet the high
energy demands for increasing their membranes during myelination (Rosko et al., 2019). OLGs
utilizes around 3.3 x 1023 ATP molecules to synthesize one gram of myelin; human axons can
be over one meter long in length, illustrating the sheer amount of myelin that must be produced
(Rosko et al., 2019). Therefore, the importance of myelination and the biochemical factors that it
requires are kept in mind while researching potential genes of interest for these cell types.

Heterogeneity
Recent studies have found that OPCs have different developmental phases showing regional
and temporal heterogeneity (Fig. 3) (Kamen et al., 2021; Hrvatin et al., 2017; Ximerakis et al.,
2019). A main question that other researchers, and this project, set out to answer, was whether
OPCs express genes and function homogenously or specifically (Kamen et al., 2021). If OPCs
were to function homogenously, then all OPCs in the brain would express similar levels of the
same genes; on the other hand, OPCs functioning specifically would show differences in gene
expression between OPCs along the same fate, showing specific genetic responses to one or
more variables.
For example, Kamen et al. (2021) compared PDGFRα+ (platelet derived growth factor receptor,
alpha polypeptide) and PDGFRα- OPCs in the E13 mouse embryo, as PDGFRα is an OPC
marker, and found that the PDGFRα+ OPCs had lower transcript levels of genes that encoded
for functions dealing with oligodendrocyte differentiation, growth factor binding, ion channels,
glutamate receptors, and synaptic activity (Kamen et al., 2021). On the other hand, PDGFRα+
cells were found to have higher expression levels for cell cycling [factors], neural progenitors,
transcription factor activity, and cytoskeleton components (Kamen et al., 2021). Kamen et al.
(2021) also studied the presence of NG2 (Neural/glial antigen 2), another OPC marker, finding
that NG2+ E13 cells lacked sodium and potassium voltage-gated ion channels and glutamate

AGING-DEPENDENT CHANGES AND REGIONAL HETEROGENEITY

8

receptors, which are normally expressed in fully mature OLGs. Therefore, a potential difference
between developing OPCs and mature OPCs/OLGs is the lack of the Na+ and K+ channels
necessary for signal transduction along myelinated axons (Kamen et al., 2021). These and
other unknown functions could distinguish naïve OPCs from mature OPCs, as Kamen et al.’s
research is merely one example of heterogeneity studies. A main goal of OPC/OLG genomics
research when examining the lineage trajectory is to determine which genes are turned on to
transition naïve OPCs along their fate without becoming “stuck” in their naïve state.

Figure 3. An overview of OPC development into an immature OLG and myelinating OLG (Kamen, Y. et al., 2021). OPC and OLG
specific markers are shown above, as well, some of which were utilized in this study.

Naïve OPCs have been found at all ages across all brain regions, despite being most
predominant in prenatal cells and disappearing from the cortex and corpus callosum regions
first (Kamen et al., 2021). By examining previous studies and analyzing multiple datasets
utilizing the techniques discussed below, this study explored the hypotheses that OPC and OLG
cells express different genes at various points in their differentiating process (Kamen et al.,
2021). These findings point to a heterogeneity within the OPC and OLG populations. Both
bioinformatics and staining experiments were used to study these ideas and explore potential
variables impacting differences in gene expression across differentiating phases.

Bioinformatics Tools
Bioinformatics is a critical tool for basic scientists to apply, especially regarding genomics
research. In this study, the R coding language and RStudio integrated development
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environment (IDE) were utilized with the Monocle3 package to analyze the Rubin (Ximerakis, M.
et al., 2019), Greenberg (Hravtin, S. et al., 2017), and Allen Brain (Yao et al., 2020) datasets.
The Rubin Dataset (Ximerakis, M. et al., 2019) allowed for analysis of the age variable, the
Greenberg Dataset (Hravtin, S. et al., 2017) contained the variable of phase along the
OPC/OLG lineage trajectory, and the Allen Brain Dataset (Yao et al., 2020) had the brain region
variable, consisting of the hippocampus (HIP) and cortex (CTX). The workflow Single-cell RNA
Sequencing (scRNA-seq) analysis entailed generating the scRNA-seq dataset, preprocessing
the data, non-linear dimensionality reduction, clustering cells, comparing clusters, and running
trajectory analyses (Trapnell, 2019).

New data analytics tools are constantly being developed to elucidate potential connections in
brain expression levels. For instance, the BRAIN Initiative, in partnership with the University of
Maryland School of Medicine, created The Neuroscience Multi-omic Data Archive (NeMO)
(NeMO, 2021). NeMO allows for the creation, management, and storage of datasets publicly
and privately, with the goal of increasing ease of access and transferability (NeMO, 2021).
Rather than working at the coding language level, NeMO provides a user-friendly interface, with
the ability to run data analytics tasks, such as Quality Control (QC), Principal Component
Analysis (PCA), and Clustering (NeMO, 2021). NeMO works in tandem with the gene
Expression Analysis Resource (gEAR) portal, as well, which provides the necessary analytical
tools (Orvis et al., 2021).

Methods
In this study, scRNA-seq data from C57BL/6J Mus musculus (mice) brains were analyzed. The
C57BL/6J strain is one of the most commonly used inbred mice strains (Jackson, C57BL/6J).
Mice ages were defined based on days since birth (P = Postnatal + number of days).
Immunohistochemistry (IHC) and Hybridization Chain Reaction (HCR) experiments utilized
different regions of the developing (P38) and adult mouse brain (P90 and P120). The mice
underwent transcardiac perfusions, and the white matter (WM) and gray matter (GM) regions
were separated for analyses. The tissue samples were embedded in paraffin by fellow lab
members, and the tissue was sliced to prepare for IHC and HCR.

Female and male adult mice were used in this study (Murphy-Orthmann, J. et al., 2020). All
animal experiments were performed in strict accordance with protocols approved by the Animal
Care and Use Committee at Johns Hopkins University (Murphy-Orthmann, J. et al., 2020). The
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mice were deeply anesthetized with sodium pentobarbital and perfused transcardially (MurphyOrthmann, J. et al., 2020). Immunohistochemistry was performed on free-floating sections.
Brains were removed, and sections were preincubated in blocking solution (5% normal donkey
serum, 0.3% Triton X-100 in PBS, pH 7.4) for 1 or 2 h at room temperature, then incubated for
24-48 hours at 4°C in primary antibody incubation (chicken-GFP, 1:4000; guinea pig-NG2,
1:100; rabbit-Pdgfra 1:500) (Murphy-Orthmann, J. et al., 2020). Secondary antibody incubation
(donkey anti-chicken, 1:1000; donkey anti-guinea pig, 1:1000; donkey anti-rabbit, 1:1000) was
performed at room temperature overnight at 4°C, and sections were mounted on slides with
Aqua Polymount (Polysciences) (Murphy-Orthmann, J. et al., 2020). For imaging, the ZEISS
confocal laser scanning microscope 880 was used.

The Neuroscience Multi-omic Data Archive (NeMO), in conjunction with the gene Expression
Analysis Resource (gEAR) portal, allows researchers to create, manage, and store datasets
publicly and privately, with the goal of increasing ease of access and transferability (Orvis, J. et
al., 2021). Rather than working at the coding language level, NeMO and gEAR provide userfriendly interfaces, with the ability to run data analytics tasks, such as Quality Control (QC),
Principal Component Analysis (PCA), and Clustering. The gEAR portal allows scientists to
access and work with a large data repository, which currently holds 857 datasets amongst 1300
registered users (University of Maryland). This data visualization tool was created to decrease
the time necessary for downloading and analyzing big data, as well as increase the ease of
combining datasets (Orvis et al., 2021). Contained in one single platform, gEAR allows for data
deposition, display, analysis, interrogation, and customizable site and data displays (Orvis et al.,
2021). Datasets from multiple organisms and models can be compared side-by-side, a task
which requires high amounts of memory on most computers when running code (Orvis et al.,
2021). Although the datasets must be uploaded in specific formats, which sometimes entail
spreadsheet editing via Excel or writing code, once the correct spreadsheet is available the user
needs no coding experience to utilize the gEAR platform and scRNA-seq Analysis Workbench
(Orvis et al., 2021). gEAR is in its early stages of development and therefore requires technical
changes to become more streamlined; thankfully, the development team at gEAR is receptive to
feedback. Upon asking about various issues with the platform, a response was received in
under twenty-four hours. As technology utilized to create genomic/transcriptomic libraries
becomes faster and more affordable, NeMO and gEAR will be increasingly pertinent and
utilized.
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Monocle 3 Analysis
The Rubin (Ximerakis, M. et al., 2019), Greenberg (Hravtin, S. et al., 2017), and Allen Brain
(Yao et al., 2020) datasets were generated by the respective labs, and we obtained the datasets
via their publicly available links. These labs all used the C57BL/6J mice strain, and different
anesthetics were utilized before sacrificing the mice (Jackson, C57BL/6J; Hravtin, S. et al.,
2017; Ximerakis, M. et al., 2019; Yao et al., 2020). Next, we wrote code to analyze the datasets
and compare gene expression levels. In our analysis, a gene needed to be detected in a
minimum of 10% of cells to be included for DGE analysis. When determining the number of
principal components (PCs) to use, we plotted the percentage of variance explained by each
component based on PCA from the normalized expression data (RStudio Team). Then, the
cutoff PCA components would be taken based on where the plot plateaued (Fig. 4). As Uniform
Manifold Approximation and Projection (UMAP) was used to visualize the plots, the data was
reduced down to two dimensions, so the max components were determined to be 2. The
nearest neighbor analysis determined the shape and sparsity of the data, and k-nearest
neighbor = 15L was used for this portion.

Figure 4. Example of the plateau we used to determine the principal component (PC) cutoff. Using too many PCs did not add much
information, and it made the computation heavier for the computer to run. In the above example, the cut off used was at ~40 PCs.

The flowchart of analysis steps is shown in Fig. 5. Preprocessing the data allows one to
normalize the datapoints and remove any batch effects, which are variables that could impact
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the clustering but were not primarily variables being analyzed. For instance, in the Allen Brain
dataset, sex batch effects (“systematic [male and female] differences in the transcriptome of
cells measured in different experimental batches”) were removed (Trapnell, 2019). Normalizing
batch effects entails the use of a mutual nearest neighbor (MNN) algorithm to determine the
significance of the data points, establishing if the points are biologically “real” or only occur due
to “natural random variation” (Trapnell, 2019). MNN alignment, which takes into account the
Euclidean distance (equivalent to cosine distance) between cells, is used when removing batch
effects. The algorithms used for preprocessing the data allow the program to learn the graph of
the cells for further analyses.

Figure 5. Flowchart of steps using Monocle 3 package in RStudio.

Running the top_markers() code allows determination of genes whose expressions are most
different between clusters. The marker genes are filtered by a fraction that is greater than or
equal to 0.10 or another chosen cut-off. The 0.10 cut-off encompassed more cells than a 0.50
(50%) cut-off would have, which could have found less-specific cells (e.g. cellular component
genes, such as ribosomes). The top 2 genes from every cluster were taken from the list of
genes expressed in 10% or more cells. This decision did not influence any downstream
processing of the data but rather only affected the kind of genes obtained for cluster-specific
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marker genes. Cell clusters are determined using a Louvain/Leiden community detection and
kNN (k nearest neighbor) pruning method; from the algorithms applied, the plots can be created
to visualize relationships between different cell continents and populations.

NeMO Analysis
Due to NeMO’s new release, we have only used NeMO to analyze the Allen Brain Dataset thus
far. When using NeMO to analyze the Allen Brain Dataset, 10 main steps were performed (Fig.
6). First, the data were uploaded in the prescribed Excel format as a metadata file (qualitative
data) and an expression data file (contains three spreadsheets: 1) Expression (Genes X
Observations), 2) Observations (Observations X Characteristics), and 3) Genes (Genes X
Characteristics)). Quality control (QC), the first analysis step, removes cells and genes that are
not expressed highly enough to be significant. Since including these cells would negatively
impact the analysis by decreasing its biological accuracy, these cells and genes are therefore
treated as cellular debris. It was noted that the significance level is arbitrarily determined. QC
entails filtering the cells by mitochondrial content, gene number, and genetic variability. As
mitochondria and their role in oxidative phosphorylation to provide energy for the cell are
necessary for cellular life, growth, and development, the program filters out cells that do not
have enough mitochondria present to be viable (Larsen et al., 2012).

Initially, the shape of the dataset was 31053 genes x 7685 observations (cells). Then, highly
variable genes were identified by setting the following parameters. Cells with < 500 genes were
excluded from the dataset, and genes that were found in < 10 cells throughout the entire
dataset were also excluded. Cells that contained ≥ 0.05% of mitochondrial genes were
removed, as cells with over 0.05% of mitochondrial genes indicate potentially high amounts of
apoptotic, necrotic, or lysing cells (10X Genomics). If the cells are undergoing any of these
metabolic changes, they might not be biologically real, meaning the statistical significance found
does not necessarily correlate with biologically significant gene expression differences. After the
mitochondrial content and variable genes filters were applied, the dataset shape became 16556
genes x 7685 observations; therefore, all of the cells were kept, as the statistical program
determined them to be functionally relevant, but 14,497 genes were filtered out, as these genes
were not expressed in a high enough percentage of cells.

At this step, the top 20 most variable genes were determined (20 was an arbitrary decision,
making the data analysis manageable), meaning that these genes had the highest percentage
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of total counts present across the cells (Fig. 7). After finding these 20 genes, additional
searches were done on g:Profiler, a program that enriches genes for mapping based on
molecular function, cellular component, biological process, and other, more specific, categories
(g:Profiler). Upon examining their functions using the Greenberg Lab database and Alternative
Splicing & Gene Expression Summaries of Public RNA-Seq Data (ASCOT) database, the three
most pertinent genes for the analyses were Plp1 (proteolipid protein (myelin) 1), Mbp (Myelin
basic protein), and Qk (Protein quaking) due to their roles in OPCs and OLGs (Fig. 7) (Hrvatin
et al., 2017; Ling et al., 2020).

Figure 6. Flowchart of steps using NeMO Analytics.
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Figure 7. Top most variable genes determined by NeMO’s QC. Plp1 was the second most variable gene, Mbp was the twelfth most
variable gene, and Qk was the seventeenth most variable gene.

After running QC, the cells were clustered based on principal component analysis (PCA) and
the number of nearby neighbors. The cells were therefore plotted based on the similarity of
genes expressed. Different clustering resolutions were tested in order to determine the number
of cell clusters. A 0.3 Resolution was determined to show 7 clusters, which allowed the cells to
be divided in a clear, concise image without having too many clusters (creating a grainy image)
or too few (creating a blurry blob). The Louvain method was utilized for clustering, and it also
showed the top expressed genes in each of the seven clusters identified (Fig. 8). These genes
differed from those in Fig. 7, which showed the most variable genes across the entire dataset,
compared to showing the top five genes expressed after PCA and nearby neighbors were taken
into account. As the original clusters were not labeled, the five most highly expressed genes in
each cluster were analyzed to determine the corresponding OPC and OLG clusters. For
example, Mobp (Myelin-associated oligodendrocytic basic protein) was most highly expressed
in clusters 3 and 7, which were determined to be oligodendrocytes 1 and oligodendrocytes 2.
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Figure 8. Louvain clusters and the top five genes expressed in the clusters. Increasing size of dot and darkness of dot color shows
increased percentage of that gene found in the corresponding cluster.

Results
Rubin Dataset: Background
Using the Monocle3 R package, the Rubin dataset cells were clustered by gene expression
patterns and plotted. The Rubin dataset, containing OLGs, OPCs, neuronal-restricted
precursors (NRPs), and olfactory ensheathing glia (OEGs), was clustered and plotted
(Ximerakis et al., 2019) (Fig. 9.b). These cells were divided based on an age variable, in which
young cells were taken from 2-3-month-old mice, and old cells were taken from 21-23-month-old
mice (Ximerakis et al., 2019). These ages encompass two different stages of adult mice, as 3–
6-month-old mice are considered “mature adults”, and 18-24-month-old mice are considered
“old” (Hagen, 2017). After removing the other cell types in the Rubin Dataset, there were 2,187
OPCs and 12,384 OLGs present for analyses.

Rubin Dataset: Differential Gene Expression Analysis: Age Regression
Initially, 13 clusters were identified in the population (Fig. 9.a). As the cell clusters divided into
two different large continents (circled below, Fig. 9.a), there could be potential genetic
similarities between clusters within the same continent and differences between the two
continents. Thus, these two major continents were pulled out of the dataset for future analyses
(Fig. 9.a transformed to Fig. 9.c). Since the OLGs were the target of this specific analysis, the
other three cell types present were removed (Fig. 9.b transformed to Fig. 9.d). The data were
preprocessed and reduced again, changing the shape of the graph (Fig. 9.e). The cells were
graphed with age labels (red = old; blue = young; Fig. 9.f).
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Figure 9. a. Plot of 13 clusters identified, with the two identified continents circled. b. Cells plotted with the four sub-groups labeled
(NRP, OEG, OLG, and OPC). c. and d. New plot with only OLGs present. Plot c. shows the 8 different clusters present in the two
continents. e. and f. New plot of OLGs after preprocessing and dimensionality reduction. Plot shows the cells grouped by age (red =
old; blue = young).

Differential gene expression (DGE) analysis was run on the mature OLGs in order to compare
differences in gene expression levels between the six clusters. Twenty different genes were
identified as highly differentially expressed between the six clusters, and their locations on the
plots were graphed (Fig. 10.a). Violin plots show the differences in gene expression across the
six clusters (Fig. 10.b) and across mature OLG age, comparing the gene expression in young
and old mature OLGs (Fig. 10.c). There does appear to be some variability in gene expression
between the six clusters (Fig. 10.b). While the violin plot shows significant changes in gene
expression between young and old mature OLGs, the changes did not appear to be large (Fig.
10.c). Therefore, specific genes were not identified for potential future experiments.
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Figure 10. Plot of the 20 most differentially expressed genes between young and old mature OLGs. a. log10(Expression) of each
gene plotted on the two continents being analyzed. Increasingly light colors (i.e. light green) show increasing expression levels from
-0.50 to 0.75. b. Expression levels of each gene in each of the 6 clusters. c. Expression levels of each of the 20 most significantly
different genes (based on the six clusters) compared across the old and young populations.

Rubin Dataset: Differential Gene Expression Analysis: Continent Regression
Two new cell datasets – one representing each continent – were created from the OLG dataset
in order to compare the differentially expressed genes across the two continents (Fig. 11).
a.

b.

Figure 11. Creation of two new cell datasets, cds_3 and cds_4, from the OLG dataset. a. cds_3 and cds_4 broken down by cluster..
b. cds_3 and cds_4 as newly-defined variables.

The DGE analysis of these two continents yielded 8 genes of interest: Cog1 (Component of
oligomeric golgi complex 1), Cyp2j6 (Cytochrome P450, family 2, subfamily j, polypeptide 6),
Cyp2j9 (Cytochrome P450, family 2, subfamily j, polypeptide 9), Ddn (Dendrin), Lrp12 (Low
density lipoprotein-related protein 12), Slc35f5 (Solute carrier family 35, member F5),
Tmem150c (Transmembrane protein 150C), and Wnt9a (Wingless-type MMTV integration site
family, member 9A) (Fig. 12). When compared based on age, the violin plots did not show much
difference in expression levels.

AGING-DEPENDENT CHANGES AND REGIONAL HETEROGENEITY

20

a.

b.

Figure 12.. Violin plots of the DGE across the two continents and ages. a. Violin plots of the 8 most differentially expressed genes
between cds_3 and cds_4. b. Violin plots of the 8 most differentially expressed genes between the two continents, plotted with
regard to age. With the DGE analysis, 8 genes were identified: Cog1, Cyp2j6, Cyp2j9, Ddn, Lrp12, Slc35f5, Tmem150c, and Wnt9a.

Rubin Dataset: Pseudotime Analysis
One trajectory graph of OPCs was plotted from a separate OPC cluster in the Rubin dataset,
which was not part of the two-continent analysis (Fig. 13).
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Figure 13. Trajectory graph with young OPCs as the starting node. The graph follows the general trendline from OPC_young →
OPC_old → OLG_old and OLG_young.

As shown in Fig. 13, the starting node was set at the young OPCs. Applying the Monocle3
algorithm yielded a trajectory graph that matched the predicted graph (Fig. 13), as the
progression moved from young OPCs → old OPCs → old and young OLGs.
A heatmap of gene modules, which are grouped by genes instead of by cells (as clusters are),
was created (Fig. 14). Two modules were determined and compared, finding that young and old
OLGs expressed more similar genes to each other than to the young and old OPC phases, and
young and old OPCs expressed more similar genes than to the young and old OLG phases.
a.

AGING-DEPENDENT CHANGES AND REGIONAL HETEROGENEITY

22

b.

Figure 14. Heatmap of gene modules. a. Comparison of gene expression between Module 1 (top) and Module 2 (bottom). Cooler
colors (i.e. blue) show lower expression, and warmer colors (i.e. red) show higher expression. Expression range spans from -0.8 to
0.8. b. Expression score of the two modules (Module 1 (right) and Module 2 (left)).

Greenberg Dataset: Background
The Greenberg Dataset (Hravtin, S. et al., 2017) contained 1,826 OPCs and 8,630 OLGs. In
contrast to the age difference in the Rubin Dataset, the Greenberg Dataset contained neural
cells from 6-7-week-old mice only. The variable in this dataset was the phase along the
OPC/OLG lineage that each cell was in, with the possibilities corresponding to the
aforementioned lineage cell progression (Fig. 2) (OPC_2 → OPC_1 → Olig_7 → Olig_6 →
Olig_1 → Olig_2 → Olig_3/4).

Greenberg Dataset: Monocle 3 Analysis
Using the OLG lineage cells variable present in the Greenberg dataset, combined with the
Rubin dataset, differentially expressed genes between the quiescent, differentiating, and
proliferating OPCs yielded three interesting genes: Chl1, Pcdh11x, and Pcdh15 (Fig. 15).
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a.

b.

Figure 15. Plots of three largely differentially expressed genes, Chl1, Pcdh11x, and Pcdh15. a. Violin plots showing the expression
levels of the three subpopulations (quiescent (red), differentiating (green), and proliferating (blue)) OPCs, of which the quiescent
OPC population had the highest expression levels for all three genes compared to the other two populations. b. Expression levels of
the three genes are plotted separately on the graph of the OPC population cells. Higher expression levels are shown in light green,
and lower expression levels are shown in dark purple.
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Allen Brain Dataset: Background
While the Rubin Dataset allowed for comparison between cells of different ages, and the
Greenberg dataset allowed for comparisons between cells at different points along the
OPC/OLG lineage trajectory, the Allen Brain dataset was the only dataset that allowed for
comparison between the hippocampus (HIP) (Fig. 16.a) and isocortex (CTX) (Fig. 16.b) brain
regions. After removing the other cell types that were enriched for in the dataset, the Allen Brain
Dataset contained 3,047 OPCs and 4,638 OLGs, all of which came from ~8-week-old female
and male mice.
31,053 gene expression levels were included in the dataset, as well.
a.

b.

Figure 16. Allen Brain Atlas showing (a.) Hippocampal Formation (HIP) and (b.) Isocortex (CTX) regions. Respective regions are
highlighted in purple (source: https://portal.brain-map.org/atlases-and-data/rnaseq).

Allen Brain Dataset: NeMO Analysis
NeMO was used to analyze the impact of brain region differences in OPC and OLG gene
expression in the Allen Brain Dataset, and seven different clusters were identified after PCA and
clustering commands were utilized (Fig. 17). One trajectory (blue), in which two different
quiescent OPC populations were identified, appeared to transition from cycling OPCs →
quiescent OPCs 1 → quiescent OPCs (Fig. 17). A separate trajectory (red), in which three
oligodendrocyte populations were identified, was found to potentially evolve from differentiating
OPCs to one oligodendrocyte population (oligodendrocytes 2) that branched into two
oligodendrocyte populations (oligodendrocytes 1 and 3) (Fig. 17).
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Figure 17. Plot with 7 clusters showing a potential trajectory of OPCs and OLGs using NeMO Analysis Toolbox.

The genes in the oligodendrocyte 1 and 2 populations were compared in order to determine the
potential cause of the split. The t-test with a P-value correction method was utilized to compare
the genetic expression across the two different clusters. This test compared oligodendrocytes 1
vs. oligodendrocytes 2, as well as oligodendrocytes 2 vs. oligodendrocytes 1; in the first test, the
five genes that were most highly expressed in oligodendrocytes 1 compared to
oligodendrocytes 2 were plotted, and the second test reversed this statistical analysis. In the
first analysis, the top five genes found to be differentially expressed between oligodendrocytes 1
and oligodendrocytes 2 were Prr5l (Proline rich 5 like), Fth1 (Ferritin heavy polypeptide 1), Mal
(Myelin and lymphocyte protein, T cell differentiation protein), Mast4 (Microtubule associated
serine/threonine kinase family member 4), and Cntn2 (Contactin 2) (Fig. 18.a). The second test
ran found the genes Nfasc (Neurofascin), Pcdh17 (Protocadherin 17), Pcdh7 (Protocadherin 7),
Arpc1b (Actin related protein 2/3 complex, subunit 1B), and Ubl3 (Ubiquitin-like 3) to be
significantly differentially expressed between oligodendrocytes 2 and oligodendrocytes 1 (Fig.
18.b). The genes that were found to be enriched in OLG lineage cells based on cross-analysis
with online databases were Mast4, Cntn2, Nfasc, Pcdh17, and Pcdh7 (Greenberg Database).
Pcdh17 and Pcdh7 are both protocadherins and might participate in cell-cell recognition, as
well. The potential functions of the identified genes are found in Table 1.
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b.

Figure 18. t-test with a P-value correction method applied to the Allen Brain Dataset, comparing the two populations,
oligodendrocytes 1 and oligodendrocytes 2. Results show comparison in both directions.

The two quiescent OPC populations were compared as well, and the quiescent OPCs 1 vs.
quiescent OPCs 2 test yielded the genes Xist (Inactive X specific transcripts), Tsix (X (inactive)specific transcript, opposite strand), Clql1 (Complement Component 1, Q Subcomponent-Like
1), Inpp4b (Inositol polyphosphate-4-phosphatase, type II), and Kdm6a (Lysine (K)-specific
demethylase 6A) as the top five most differentially expressed genes, meaning these genes were
more highly expressed in quiescent OPCs 1 compared to quiescent OPCs 2 (Fig. 19.a).
Comparing
quiescent OPCs 2 vs. quiescent OPCs 1 found the top five differentially expressed
a.
genes to be Eif2s3y (Eukaryotic translation initiation factor 2, subunit 3, structural gene Ylinked), Uty (Ubiquitously transcribed tetratricopeptide repeat gene, Y chromosome), Ddx3y
(DEAD (Asp-Glu-Ala-Asp) box polypeptide 3, Y-linked), Gm21454 (Predicted gene, 21454), and
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Kdm5d (Lysine (K)-specific demethylase 5D), as these genes were more highly expressed in
quiescent OPCs 2 compared to quiescent OPCs 1 (Fig. 19.b).

Figure 19. t-test with a P-value correction method applied to the Allen Brain Dataset, comparing the two populations, quiescent
OPCs 1 and quiescent OPCs 2. Results show comparison in both directions.

Surprisingly, the sex-linked genes Xist, Tsix, Eif2s3y, Uty, and Ddx3y were among the top five
most highly expressed genes in the analysis, potentially showing that the most differentially
expressed genes were related to the sex of the animal (see below).

Allen Brain Dataset: Monocle 3 Analysis
Monocle3 analysis was used to compare the HIP and CTX regions of OPCs. The OPCs were
clustered out for the analysis, and the four genes of interest identified using DGE were Epha7
(Eph receptor A7), Glis3 (GLIS family zinc finger 3), Cdh8 (Cadherin 8), and Cdh9 (Cadherin 9)
(Fig. 20).
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a.

b.

c.

Figure 20. Monocle3 plots of DGE of HIP vs. CTX OPCs. Genes Epha7, Glis3, Cdh8, and Cdh9 were the top genes identified. a.
OPCs in the Allen Brain dataset plotted into one cluster and labeled by region (red = CTX; blue = HIP). b. Violin plots showing gene
expression levels between the CTX (red) and HIP (blue). c. Expression level of each of the four genes plotted on the OPC
population.
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DGE analysis of HIP and CTX regions were run in the identified OLG population subset of cells,
and the two variable labels were plotted on the graph (Fig. 21.a). After the analysis, Scn3b
(Sodium Voltage-Gated Channel Beta Subunit 3) and Slit1 (Slit Guidance Ligand 1) were
identified as interesting differentially expressed genes (Fig. 21.b&c). Both genes were more
highly expressed in the HIP than in the CTX, but there were much fewer HIP cells in this OLG
population.
b.

a.

c.

Figure 21. Moncole3 plots of DGE of HIP vs. CTX OLG population. The genes Scn3b and Slit1 were identified as the most pertinent
highly differentially expressed genes. a. OLGs in the Allen Brain dataset plotted according to region variable. b. Expression level of
the two genes plotted on the OPC population. c. Violin plots showing gene expression levels.
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Allen Brain Dataset: Monocle 3: Sex Regression
In order to analyze the role that sex played in the DGE of OLGs in the Allen Brain dataset, the

sex variable was compared using Monocle3 (Fig. 22). Male and female cells were plotted (Fig.
22.a), and three of the top differentially expressed genes were found to be Eif2s3y, Ddx3y, and
Xist (Fig. 22.b). While Ddx3y was found in female and male OLGs, Eif2s3y was found at a
higher expression level male OLGs, and Xist expressed more in female OLGs (Fig. 22.c).
a.

b.

c.

Figure 22. Monocle3 plots of OLGs with DGE analysis of Female vs. Male cells. The three genes identified were Eif2s3y, Ddx3y,
and Xist. a. OLGs plotted according to the sex variable label. b. Expression level of the three genes shown on the OLG population
plot. c. Violin plots showing the expression levels of the three genes between female (red) and male (blue) cells.

A trajectory analysis of the OPCs was performed, resulting in a plot showing the potential
lineage movement from cycling to quiescent OPCs (Fig. 24.a&b). A pseudotime test, which is,
“a measure of how far a cell has moved through biological progress,” was run, as well, and the
plot shows the pseudotime expression based on increasingly lighter color (Trapnell, 2019).
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Figure 23. Gene modules plotted for genes Adgrb3, Jph1, Mpzl1, Pantr1, and St18.

a.

b.

Figure 24. OPC population plotted according to trajectory analysis. Cycling OPCs were found in the top left portion of the graph,
and quiescent OPCs were found in the bottom right portion. a. Trajectory graph shown on OPC plot labeled with cell type alias label.
The two OPC populations were 359_OPC and 360_OPC. b. OPCs plotted according to psuedotime.
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Table 1. Summary of the differentially expressed genes with functions and expression levels that were
noted for future analyses (Weizmann Institute, “GeneCards”).
Dataset Analyses
Gene Name
Rubin - Continent Regression Cog1
Rubin - Continent Regression Cyp2j6
Rubin - Continent Regression Cyp2j9
Rubin - Continent Regression Ddn
Rubin - Continent Regression Lrp12
Rubin - Continent Regression Slc35f5
Rubin - Continent Regression Tmem150c
Rubin - Continent Regression Wnt9a
Greenberg Analysis

Chl1

Greenberg Analysis

Pcdh11a

Greenberg Analysis

Pcdh15

Function
Assists in formation of the Golgi-localized complex
Encodes part of cytochrome P450, which is part of the
electron transport chain in oxidative phosphorylation
Encodes part of cytochrome P450, which is part of the
electron transport chain in oxidative phosphorylation
Assists with RNA polymerase II specific DNA binding
Encodes a low-density lipoprotein receptor that is
differentially expressed in many cancer cells
Encodes for a solute carrier
Codes for a transmembrane protein in mechanosensitive
ion channels found in dorsal root ganglion neurons
Encodes secreted signaling proteins that could play roles in
development, cell fate, and embryogenesis
Encodes neural cell adhesion molecules that could relate to
signal transduction pathways
Member of the cadherin superfamily that encodes integral
membrane proteins mediating calcium-dependent cell-cell
adhesion
Member of the cadherin superfamily that encodes integral
membrane proteins mediating calcium-dependent cell-cell
adhesion
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Dataset Analyses

Gene Name

Allen Brain - OLG - NeMO
Allen Brain - OLG - NeMO
Allen Brain - OLG - NeMO

Mast4
Cntn2
Nfasc

Allen Brain - OLG - NeMO

Pcdh17

Allen Brain - OLG - NeMO

Pcdh7

Allen Brain - OPC - NeMO

Xist

Allen Brain - OPC - NeMO
Allen Brain - OPC - NeMO

Tsix
Eif2s3y

Allen Brain - OPC - NeMO

Uty

Allen Brain - OPC - NeMO

Ddx3y

Allen Brain - OPC - Region
Regression
Allen Brain - OPC - Region
Regression
Allen Brain - OPC - Region
Regression
Allen Brain - OPC - Region
Regression
Allen Brain - OLG - Region
Regression
Allen Brain - OLG - Region
Regression
Allen Brain - OLG - Sex
Regression

Allen Brain - OLG - Sex
Regression
Allen Brain - OLG - Sex
Regression
Pseudotime - OLG
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Scn3b

Function
Transferase activity; transferring phosphorus-containing
groups; protein tyrosine kinase activity
Cell adhesion via plasma membrane adhesion
Cell and biological adhesion
Member of the cadherin superfamily that encodes integral
membrane proteins mediating calcium-dependent cell-cell
adhesion
Member of the cadherin superfamily that encodes integral
membrane proteins mediating calcium-dependent cell-cell
adhesion
Initiates inactivation of one of the X chromosomes for
equal dosage between males and females
Initiates inactivation of one of the X chromosomes for
equal dosage between males and females
Plays a role in spermatogenesis and male reproduction
Deals with protein-protein interactions, and encoces a
minor histocompatibility antigen that could play a role in
male stem cell graft rejection
Encodes a protein from the DEAD (Asp-Glu-Ala-Asp)-box
RNA helicase family, which could potentially play a role in
ATP binding, hydrolysis, RNA binding, and intramolecular
interactions
Encodes the ephrin receptor subfamily of the proteintyrosine kinase family, which play a role in neurological
development
Encodes a protein in the zinc finger protein family that
represses and activates transcription
Encodes a cadherin from the cadherin superfamily that
assist with calcium-dependement cell-cell adhesion
Encodes a cadherin from the cadherin superfamily that
assist with calcium-dependement cell-cell adhesion
Responsible for a protein that assists with generation and
propagation of action potentials in neurons and muscle

Slit1

Plays a role in calcium ion binding

Eif2s3y

Plays a role in spermatogenesis and male reproduction
Encodes a protein from the DEAD (Asp-Glu-Ala-Asp)-box
RNA helicase family, which could potentially play a role in
ATP binding, hydrolysis, RNA binding, and intramolecular
interactions
Initiates inactivation of one of the X chromosomes for
equal dosage between males and females
Encodes a neural-specific angiogenesis inhibitor
Encodes proteins that deal with junctional complexes
between plasma membranes and
endoplasmic/sarcoplasmic reticulum
Relates to tyrosine kinase pathways and adhesion
An RNA gene that plays a role in squamous cell carcinoma
and glioma
Deals with DNA-binding transcription factor activity

Epha7
Glis3
Cdh8
Cdh9

Ddx3y
Xist
Adgrb3

Pseudotime - OLG
Pseudotime - OLG

Jph1
Mpzl1

Pseudotime - OLG
Pseudotime - OLG

Pantr1
St18
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The same trajectory graph analysis was applied to OLGs, as well (Fig. 25).
a.

b.

Figure 25. OLG population plotted according to trajectory analysis. Mature OLGs were found on the ends of both branches, and
newly-formed OLGs were found at the convergence of the two branches. a. Trajectory graph shown on OPC plot labeled with cell
type alias label. The five OLG populations were 364_, 365_, 366_, 367_, and 368_Oligo. b. OLGs plotted according to pseudotime.

The five most pertinent differentially expressed genes in the OLG population – Adgrb3
(Adhesion G protein-coupled receptor B3), Jph1 (Junctophilin 1), Mpzl1 (Myelin protein zero-like
1), Pantr1 (POU domain, class 3, transcription factor 3 adjacent noncoding transcript 1), and
St18 (Suppression of tumorigenicity 18) – were plotted based on expression across pseudotime
(Fig. 23). Gene modules were determined, showing the trajectory of each gene expression. The
progression followed the one in Fig. 25.a. regarding the five sub-groups of OLGs.

Regional Heterogeneity: Staining and Imaging Analysis
Since the Allen Brain dataset contained OLGs and OPCs from the HIP and CTX, these two
areas were imaged in the lab. While the HIP and CTX regions consist mainly of gray matter
(GM), the corpus callosum (CC) consists of white matter (WM) and was therefore studied as
well. In the lab, mouse brain slices were stained for OLG markers in two GM regions (cortex and
hippocampal) and one WM region (corpus callosum) for comparison. Green Fluorescent Protein
(GFP) was used to stain for the protein Mobp (Myelin Associated Oligodendrocyte Basic
Protein), as it is most highly expressed in Newly Formed OLGs and Myelinating OLGs
(ASCOT). Fig. 26.a.b.c and Fig. 27.b.c show results from mice aged P120, or 120 days after
birth (postnatal). Fig. 27.a shows a brain slice from a mouse aged P90, or 90 days after birth.
Both P120 and P90 mice fall within the adult mouse category, especially as mature adult mice
range from 3-6 months of age (Hagan, C., 2017). The distribution of OLGs in the cortex (CTX),
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hippocampus (HIP), and corpus callosum (CC) was determined using IHC (Fig. 26 & Fig. 27).
As shown in Fig. 26, the CTX (Fig. 26.c) had a larger distribution of OLGs compared to the two
HIP regions imaged (Dentate Gyrus (Fig. 26.a) and CA1 (Fig. 26.b) regions). The Dentate
Gyrus (DG) has a more uniform distribution of OLGs compared to the sporadic CA1 and CTX
distributions. The CA1 area in particular has a lack of OLGs present, but many OLGs are visible
in the upper right corner (Fig. 26.b), which shows the presence of the CC, a WM region. The
CTX (Fig. 26.c) has increasing density of OLGs from top to bottom.

In Fig. 27.b, the CC has more linear WM tracts of OLGs, compared to the randomly distributed
OLGs in Fig. 27.a&b, due to the CC being more heavily myelinated than the CTX and HIP. The
morphologies also differ between the regions, as a newly formed OLG is clear in the CTX (Fig.
27.a). These images were produced to test staining skills.
a.

b.

c.

Figure 26. P120 Mobp-EGFP +/- IHC for GFP. 10X. a. HIP Dentate Gyrus (DG), b. HIP CA1, c. CTX. Scale bar = 50µm. IHC run
with Brendan Dang; imaging with Anya Kim.

a.

b.

c.

Figure 27. Mobp-EGFP for GFP. 40X. a. CTX (P90), b. CC (P120), c. HIP (P120). Scale bar = 100µm. P90 images from Dr.
Dongeun Heo; P120 IHC run with Brendan Dang; imaging with Anya Kim.

The CTX, CC, and HIP were again stained, this time for the Neural/glial antigen 2 (NG2) protein,
which is highly expressed in OPCs (Fig. 28; Barres Lab). The OPCs in the CTX and HIP were
not as linearly organized as the ones in the CC, which is expected in the CC due to the white
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matter tracts. OPC processes are visible in all three regions at 40X magnification. These
preliminary stains were used to ensure that the Mobp and NG2 staining was functioning
properly, as well as to show the different distribution patterns in different brain regions.
a.

c.

b.

Figure 28. P120 Mobp-EGFP +/- IHC for NG2. a. CTX, b. CC with red arrows showing WM linear tracts, and c. HIP. Scale bar =
100µm. IHC experiment performed with Brendan Dang; imaging with Anya Kim.

In order to compare potential regional heterogeneity in the mouse brain, immunohistochemistry
images were taken of the hippocampus, cortex, and corpus callosum, the three areas of interest
(Fig. 29). These stainings also showed the differences in the HIP, CTX, and CC in terms of OLG
distribution, which could contribute to future support for regional heterogeneity of OLGs.
a.

b.

c.

Figure 29. Green = GFP; Red = Pdgfra; Magenta = NG2; Blue = DAPI (nuclei stain). a. 10X HIP DG, b. 10X CTX, c. 10X CC
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Additional in situ hybridization (ISH) was performed to examine the location of Matn4 (Matrilin
4), which is mainly found in OPCs and Newly Formed OLGs (ASCOT). As Pdgfra is most highly
expressed in OPCs, colocalization of Matn4 (Fig. 30.a) and Pdgfra (Fig. 30.b) shows the
presence of OPCs in the developing mouse brain CTX (P38 corresponds to an adolescent
mouse) (Fig. 30.c). The mEGFP allows for the Matn4 to be visible via GFP (green), whereas
Pdgfra is stained red. Overall, these images also showed the presence of OPCs in the CTX,
tested the reliability of stains, and provided image visualization to be built upon in future studies.
a.

b.

c.

Figure 30. HCR v3.0 ISH, CTX 40X with Anya Kim. a. Matn4-mEGFP, b. Pdgfra, c. Matn4-mEGFP + Pdgfra composite. Scale bars
= 100µm.

Discussion
The dataset analyses were utilized to address the question of the role of age (young vs. old),
phase along the lineage trajectory, and/or brain region (HIP vs. CTX) on OPC and OLG
heterogeneity, or differences in gene expression, between these two glial cell types. The most
differentially expressed genes found using DGE tests in each of the datasets and analyses were
noted. Their functions are shown in Table 1, and a potential link between many of the genes is
their role in cell-cell adhesion. Adhesion genes could be vital for OPC/OLG development and
function due to the myelinating role of OLGs in the CNS.

Rubin Dataset
Although the changes in gene expression between young and old mature OLGs were
significant, the changes did not appear to be large (Fig. 10.a). However, there was some
variability between the six clusters in the DGE graph.

Based on these findings, genes in these two continents of OLGs were compared in terms of
differential gene expression between the two continents that arose when the cells were
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clustered together with the Moncle3 algorithm. The initial hypothesis predicted that the two
mature OLG continents would show a regional difference in mature OLGs due to variables such
as WM and GM location in the mouse brain. In order to run the analysis, the data was broken
into two new cell datasets for comparison (Fig. 11). With the DGE analysis, 8 genes were
identified: Cog1, Cyp2j6, Cyp2j9, Ddn, Lrp12, Slc35f5, Tmem150c, and Wnt9a (Fig. 12), which
have various roles dealing with cellular morphology and function. These genes, excluding
Wnt9a, were more highly expressed in cds_3 (left continent) than in cds_4 (right continent).
When these genes were compared across mouse age, there were not significant differences,
reinforcing the prior finding that difference in gene expression level did not appear to be largely
due to the age of the mouse. Based on reference images from Allen Brain atlas, four of these
genes – Cog1, Ddn, Lrp12, and Tmem150c – appeared to have visual differences in staining
between the CTX and CC (Allen Brain Atlas).

A Pseudotime test applies an algorithm that contructs single-cell trajectories with the Monocle3
package (Trapnell, 2019). Prior to coding this analysis, it was hypothesized that when defining
the start of the trajectory at a young OPC, the trajectory graph would show similarities between
young and old OPC gene expression and similarities between gene expression in young and old
mature OLGs. The proposed OLG lineage (Fig. 2) applied the Greenberg progression to the
Rubin progression (Ximerakis, M. et al., 2019; Hrvatin, S. et al., 2017).
As shown in Fig. 13, the trajectory graph and its trendline generally followed the proposed
progression when the starting node was set at the young OPC population in the top right area of
the graph. Even if the trendline was set at the young and old OLG area of the graph (bottom
left), the line would have followed the same pattern in the reverse direction. Since the
pseudotime trajectory graph followed the proposed lineage route, the OLG lineage appeared to
have biological significance, which supports the idea that the data is biological “real,” as well.

Greenberg Dataset
As shown in Fig. 15, three genes were significantly downregulated in differentiating OPCs
compared to quiescent OPCs. The dataset referenced here combined Greenberg and Rubin
data. The three genes that were differentially expressed included Chl1, Pcdh15, and Pcdh11x,
all of which correspond to either cadherins or cell adhesion molecules (Genecards). Therefore,
the potential for these genes to play a role in OPC/OLG progression exists.
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Allen Brain Dataset
The quiescent OPCs 1 vs. 2 comparisons (Fig. 19) yielded five sex-linked genes; therefore, sex
appeared to be a more prominent variable than expected. Therefore, the variable sex was
controlled for using the batch effects code. However, the clustering did not change.
The Monocle3 analysis of the Allen Brain dataset compared the HIP and CTX regions. First, the
OPCs were selected for comparison, and the four genes of interest that were determined to be
differentially expressed were Epha7, Glis3, Cdh8, and Cdh9 (Fig. 20), which deal with cell-cell
adhesion and cell junction assembly, as well as synapse organization (g:Profiler) These results
suggest that cell-cell adhesion is a vital part of OPC differentiation and development along the
lineage trajecotry. All of these genes were more lowly expressed in the CTX with increased
expression in the HIP. When looking at the plots of these genes on the OPC cluster, not many
were present, which could have contributed to their differential expression levels.

The trajectory analysis of OLGs in the Allen Brain Dataset revealed that the OLG populations
split into two branches (Fig. 22). As these branches had the same OLG populations along
similar trajectory points in their plots, it was hypothesized that the branches were based on sex
differences, which would reflect the potential sex differentially expressed genes found in the
Allen Brain dataset using gEAR analysis. While the dataset batch effects were corrected for, the
resulting plot was the same.

Based on the trajectory graph and heatmap modules, additional criteria to determine genes that
have significantly differential gene expression changes as a function of pseudotime. Pseuodtime
analysis will be performed on other cell clusters and datasets, as well.

The analysis and comparison of results from the three different datasets showed that there were
genes that were differentially regulated across OPCs and OLGs due to brain region and sex
more than age. The exploratory hypotheses were centered around the potential role of age or
brain region in OPC and OLG genetic expression heterogeneity, and the results provide
preliminary genes of interest from the DGE analyses. The gene candidates that were
determined based on level of DGE and potential gene function serve as a springboard for future
studies’ experiments and analyses.
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Future Directions
After using bioinformatics as a mining tool to survey big datasets for potential candidate genes,
next steps involve increased lab-bench research through antibody and other labeling and
imaging in mice of different ages and between brain regions. The lab will ideally be able to
generate its own dataset, as well, which would allow for increased control over OPCs and OLGs
available. Outside datasets tend to focus on neuronal cell enrichment, resulting in even lower
numbers of OPCs and OLGs, as these are not the main cells targeted via enrichment.

Based on the four genes (Epha7, Glis3, Cdh8, and Cdh9) identified as differentially expressed
between the two continents from the Rubin OLG cell dataset with potential differences in
expression level between the CTX and CC (Allen Brain; Fig. 20), future experiments would
entail RNA in situ hybridization (ISH) and colocalization of the signal with mature OLG markers,
such as Mobp, in WM and GM regions of the brain. These experiments would address the
question of whether there are differences in gene expression levels between OPCs or OLGs at
the same time points in different regions of the developing and adult mouse brain.

Based on the data outputs from the combined Greenberg and Rubin datasets, future steps
include creating a conditional or full knockout (KO) Pcdh15 mouse line for comparison with in
vitro control OPC culture. In this experiment, the Cre-lox system would be used to generate
OPC-specific Pcdh15 conditional KO mouse lines. RNAscope could also be applied to the
samples to examine different splicing isoforms. The subsequent findings could show differences
in gene expression between isoforms, potentially leading to the identification of different genes
that are more highly expressed in certain isoforms compared to others.
Future analyses could utilize spatial transcriptomics, which is considered, “a groundbreaking
molecular profiling method [allowing] scientists to measure all the gene activity in a tissue
sample and map where the activity is occurring,” within the lab space (10X Genomics). Instead
of relying on outside datasets for analyses, this lab could create their own genomic library for
glial-cell focused enrichment. While this new technology is expensive, multiple studies argue
that the cost is worthwhile, as it would allow the generation of specific transcriptomic libraries for
analyses. Additionally, spatial transcriptomics was chosen as Nature’s 2020 Method of the Year,
supporting the claims of its high potential (Marx, 2020). While the already created Rubin,
Greenberg, and Allen Brain datasets allowed for multiple analyses, none of the datasets were
OLG-specific. Most libraries focus on obtaining all neural or neuronal cells, and fewer datasets

AGING-DEPENDENT CHANGES AND REGIONAL HETEROGENEITY

41

aim to collect OLGs and OPCs. Additionally, generating one’s own dataset would allow for the
age and regional factors to be taken into account; the cells could be collected from old and
young mice, and OPCs and OLGs could be enriched for in the corpus callosum, cortex, and
hippocampal regions. None of the three datasets explored in this study had both variables
accounted for, as the Rubin dataset had young and old mice, but region was not a variable, the
Greenberg dataset had OPCs and OLGs along seven lineage trajectory points, but region was
not a variable, and the Allen Brain dataset had OPCs and OLGs from the hippocampal
formation and isocortex, but all cells were taken from mice of around the same age (~8 weeks
old). Therefore, the opportunity to generate a dataset and choose one’s variables is of the
utmost importance to determine whether differential gene expression analyses are biologically
real.
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